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Abstract 
This study aims to explore the elements of the online user experience that have helped firms like Apple, 
Alphabet, Microsoft, Amazon, and Facebook become world giants in terms of market capitalization.  I use 
data from Eurostat to investigate the impact of mobile device usage, social media participation, usage of 
online communal learning sites, customer product reviews, and the national presence of Amazon Prime 
on final consumption expenditures of households in the European Union. I employ Expected Utility 
Theory as a theoretical framework to explain consumer behavior associated with online purchases and 
online sources for product information. I seek to answer the following questions: How does the presence 
of the resources allotted by the world’s wealthiest retailer influence purchasing?  Does the use of online 
social media reflect consumers’ buying habits? And finally, what are some potential benefits and 
challenges associated with an online consumption experience?  I use the Ordinary Least Square method to 
estimate a linear model, in which median net income and gross domestic product are held as control 
variables. I expect mobile device usage, social media participation, usage of online communal learning 
















































In 2016, consumers began product searches on Amazon 55% of the time and those who 
did not use Amazon were most likely to use Google; These firms control more than 80% of the 
initial product search market (Galloway, 2018).​ ​The acceptance of the online experience, as well 
as the market power exhibited by the fields largest firms, inspired us to develop this research. 
This paper examines the relationship between online experience and consumption in the 
European Union. I observed the European Union’s 28 member countries, Turkey, and 
Macedonia in the year 2016. Data from Eurostat are used to construct a measure for how much 
of an impact the online experience has played on consumption. This appears to be the most 
comprehensive dataset available regarding the online experience and European consumption. 
Geographical data were taken from the 2015 Amazon Investor Relations Report in order to study 
the impact that the presence of Amazon prime had on European consumption. This is the most 
comprehensive, available data regarding Amazon.  
This paper proceeds as follows. The theoretical framework will discuss why the rates of 
consumption for those who participate online may be impacted by the online experience. The 
following section will discuss the relevant literature regarding online participation and 
consumption. I will then describe the data and methodology, followed by the empirical results. 





Finally, I will complete my discussion of how expected utility theory can be used to better 
understand the online experience before proceeding to this paper’s conclusion.  
 
Theoretical Framework  
In this paper I utilize expected utility theory, coupled with discounted utility modeling, to 
gain a better understanding as to why the online experience may impact consumption. R.A. 
Briggs, of Stanford University, suggests that expected utility theory can be used to assign value 
to one’s economic decisions (2014).  Expected utility theory assumes rational actors understand 
how much risk is associated with their economic decisions.  These models sought to understand 
how people consume given the option to delay gratification. George Lowenstein, of the Royal 
Economic Society, observed that when given the opportunity to obtain an optimal outcome 
multiple times, those studied chose to maximize their utility with a minimal time delay 
(Lowenstein, 1987). My research observes Europeans who have used the internet to obtain 
product information before making a purchase. According to Eurostat data, in 2016, 71% of 
Europeans reported daily internet use (Eurostat, 2016). Internet speeds in Europe are fast and 
have been getting faster, so I chose to consider Lowenstein’s findings when conducting my 
analysis (Fastmetrics, 2016).  
The initial product search market contains two leading players, Amazon and Google 
(Galloway, 2018). Consumers appear to be gravitating toward a digital business ecosystem, like 
the one that Amazon provides. Digital business ecosystems rely on the rationality of the 





Avinash Dixit, Susan Skeath, and David Reiley’s text “Games of Strategy,” rational behavior is: 
“perfectly calculating a pursuit of a complete and internally consistent objective (payoff) 
function” (Dixit, 2015, p.707).  According to Philippe Mongin, expected utility theory states that 
the decision maker chooses between risky or uncertain prospects by comparing his expected 
utility values. This process can be applied when choosing whether to use Amazon or Google to 
gain product knowledge because it is challenging to conclude that the information one receives is 
comprehensive. Such values are determined by multiplying the probability of receiving a certain 
amount of utility by the utility’s innate value.  Such theory inherently addresses the risks 
associated with economic decision making and looks to determine what would be the most 
rational approach (Mongin, 1997).​ ​ ​ Internet users must have faith in the firms that are providing 
them with the information needed to draw rational conclusions. I elected to observe this 
phenomenon using expected utility theory because information obtained online is not always 
trustworthy. I infer that expected utility values track trust. This paper will observe the role of 
these firms in the market by studying the impact of the information they provide. I will look to 
quantify this impact through regression analysis.  
Literature Review 
Purchasing figures appear to signal that the European Union has shown increased interest 
in online consumption, with 2017 online spending growing to 534 billion euros, a 73.94% 
increase from 2013. It should be noted that during this period the European Central Bank (ECB) 
was actively pursuing expansionary monetary policy measures (Ecommerce News Europe, 





Refinancing Tender Rate, the rate of interest banks must pay when borrowing from the ECB, to 
its current measure of 0.00% (European Central Bank, 2018). Given poor economic conditions, I 
chose to consider if cheaper prices online could have inspired a shift to online spending, as lower 
prices and greater transparency of transactions have the potential to inspire a shift to online 
spending. The law of demand suggests that when holding all other factors constant, as the price 
of a normal good falls the quantity demanded of said good increases (Investopedia, 2018).  
However, a market study conducted by Alberto Cavallo of Harvard University proved 
otherwise. Cavallo conducted research of 56 large multi-channel retailers in 10 countries and 
concluded that prices levels are identical 72% of the time. In the United Kingdom, the figure 
increased to 90%. Cavallo believes that retailers chose to match prices in physical and online 
locations in an effort to please customers (Cavallo, 2017). He continues to develop this theory by 
noting how the broad acceptance of smartphones, which as of 2017 were owned by 64.7% of 
Europeans, has made it easier to conduct price comparisons (Statista, 2018).  
In order to gain a more objective understanding as to why consumers may be enticed to 
increase the quantity of purchases as a result of their online experience, one may look to utilize 
expected utility theory. Cavallo claims that prices online are set to match prices in-store in order 
to increase transparency. He infers that the limitation of customer confusion will deter customers 
from switching to a competing seller. Through my understanding of expected utility theory  I 
concluded that, once uncertainty is accounted for, consumers will make decisions that net the 
best-expected gain in marginal utility (Mongin, 1997). Cavallo’s understanding does appear to 





decision-making process. He insinuates that the selling of identical products at different price 
points, only because they were bought through different platforms could spur customer backlash 
and cause the retailer to garner a negative reputation. According to the laws of game theory, from 
which expected utility theory is derived, a rational consumer’s pursuit of maximum utility will 
not be deterred by the rationality, or lack of rationality, of his seller (Dixit, 2015). 
An economically rational buyer would be incentivized to choose whichever good 
provided the greatest marginal utility. In the given scenario the discount provided online would 
be the necessary choice. Such a conclusion is drawn through an understanding of game theory, 
which theorizes that all players should seek to maximize their marginal benefits while 
accounting for the strategies taken by their opponents (Dixit, 2015). Because it is assumed that 
the seller has been presented identical products at different price points, the buyer’s incentive to 
maximize utility is derived from the realization of the lesser price. This is because the goods are 
otherwise identical. The usage of such a pricing strategy places the seller in a risk trap because 
he is now at the mercy of the buyers’ rationality.  
Expected utility theory suggests that when determining strategies, all players must 
account for potential risks when looking to maximize utility. Having consistent pricing limits a 
seller’s risk because it no longer puts him at the mercy of the buyers’ rationality. Sellers who 
understand expected utility theory infer that the risk associated with buying an identical product 
at a higher cost would be too substantial for a buyer to ignore when looking to maximize his 





while sellers would be incentivized to match prices across all platforms in an effort to cater to 
market demand (Cavallo, 2017). 
If one is to utilize Cavallo’s research to infer that price differentiation between physical 
stores and stores online is not persistent and is unlikely to play a substantial role in determining 
purchase behavior, then expected utility theory would suggest one study factors that explain the 
uncertainty and risk associated with obtaining information online.  
The onset of the online experience was associated with risk in various forms, particularly 
security, privacy, and reliability (Ling, 2010). Security became a prime concern of early users 
because of the inherent risks associated with storing sensitive financial information, like credit 
card and social security numbers, online. Chen and Barnes cite privacy as one’s ability to trust 
the enterprise receiving his financial information (Chen & Barnes, 2007). The consumer who is 
willing to share such information puts his faith in the receiving party and must trust that it will 
not use his financial information for anything other than the agreed upon transaction.  
Developing trust online is critical for retailers and some have an easier time developing 
trust than others. According to a study conducted by Koufaris and Hampton-Sosa, consumers are 
more likely to trust large companies when distributing financial information (Koufaris & 
Hampton-Sosa, 2004). This conclusion is based on the idea that well-known companies have 
garnered the trust of a large sample of people and have showcased that they are capable of 
protecting sensitive information. Consumers who have developed this understanding may be 





when looking to make purchases from smaller companies who have yet to develop a sound 
reputation.  
Trust for smaller firms can be developed, but according to the research conducted by 
Laroche, Yang, McDougall, and Bergeron, it takes time (Laroche et al., 1996). They conclude 
that in order for sellers to gain trust online they must provide a consistent and positive experience 
for their customer. Ling concludes that doing so allows customers to utilize their previous 
shopping experiences to develop trust for a retailer. This theory is substantiated by research 
conducted by Seckler, who determined that as people gain experience shopping online they begin 
to shop online at an increasing rate. Seckler found that as shoppers became more comfortable 
with the tools used to shop online they became more likely to use them (Seckler, 2000). 
Psychological studies appear to bolster such claims. In 1994 Dabholkar concluded that 
individuals rely heavily on expectancy-value models, insinuating that those who have less 
experience online are more likely to run into problems, which are likely to deter them from 
conducting a purchase as a result of their online experience (Dabholkar, 1994). Such conclusions 
are drawn under the assumption that consumers had an otherwise positive experience while 
online.  
Ling cites that, for online consumers, perceived elements of risk are: security, privacy, 
and reliability. In an effort to remedy potential risks one may be inclined to observe the impact 
that trust plays on determining how risk averse a consumer is.  
A study conducted by Juan Carlos Burguillo utilized trust-based modeling and the 





determine whether or not large sums of voluntary customer feedback could significantly explain 
which hotels tourists chose to book. He concludes that not only have crowdsourced customer 
reviews showcased a direct relationship to where tourists choose to stay, but also that trust has a 
relevant and significant impact on user-based recommendations (Burguillo, 2017). 
Through Burguillo’s study, one can infer that large pools of trusted customer feedback 
play a significant role when seeking to explain why a customer may choose to make a certain 
transaction. Such an inference is supported through psychological studies. David Hamilton and 
Jeffrey Sherman of the University of California at Santa Barbara concluded that group 
perception promoted conclusions that sought to resolve inconsistencies in the information 
acquired, and that such perceptions were more likely to exist when critiquing an individual being 
as opposed to a group of beings (Hamilton & Sherman, 1990). The conclusions drawn by 
Hamilton and Sherman appear to bolster Burguillo’s claims while providing the necessary 
support to infer that consumer trust can be developed through the use of large sums of voluntary 
consumer feedback. 
Mark de Bruijn, a Vice President of Marketing at SAP,  was interviewed for the 2018 
European E-commerce Report, during which he stated that over 50% of consumers use social 
media to submit complaints, post reviews, or provide responses to purchases made (de Bruijin, 
2018). De Bruijn subscribes to the belief that retailers must research their social media presence 
and look to develop a strong, data-driven understanding of their demographics to compete in the 
digital economy. Such claims are supported through a study conducted by Sumit Chaturvedi, 





Marketing. They concluded that, for consumers in Rajasthan, India, the usage of Facebook 
showcased a significant effect on the buying behaviors for those shopping for apparel online. 
However, trust was discovered to be the most significant factor when looking to explain 
consumption as a result of online participation (de Bruijin, 2018).  
Social media usage, customer reviews, mobile device usage, price comparisons, the usage 
of communal learning sites, and the presence of Amazon Prime, variables which have been the 
basis for previous papers, will be the crux of this research. My objective is to determine how 
much of an effect these factors have on consumer behavior in an effort to explain the economic 
impact of the online experience. 
Data and Methodology  
In an order to verify that the online experience is playing an influential role in the 
economy and leading to variations in the rate at which consumers buy products, a cross-sectional 
model was crafted to observe what factors affect the rate at which the European population 
consumed goods in 2016. Percentages will be used to measure how much a population, in a 
given country in Europe, has purchased goods as explained by digital platform participation 
rates. The natural log of final consumption expenditure was chosen to be the dependent variable. 
Thirty observations were considered for the model, twenty-eight of which were the member 
countries of the European Union. The final two observations were of Macedonia and Turkey, 
which have been working to join the European Union since 2004-2005 (Ciddi, 2018). The 
following hypotheses were designed to present my models: 
● H​0​: No variables regarding online participation affect the rate at which people in 





● H​1​:​ ​At least one variable regarding online participation affects the rate at which 
people in Europe consume goods. 
 
The literature suggests that trust is the most critical element when observing purchasing 
within the digital economy. So, I chose to observe independent variables that demonstrate social 
aspects of the online experience that depend on trust. A description of the variables used for this 
study has been presented on the following page and is referred to as Table 1. The coefficient 
expectations and sources have been listed as well. Stephanie Dutchen, of Harvard University, 
claims that for a society to thrive in the digital economy mutual trust must be persistent 
(Dutchen, 2018). Eight variables were expected to demonstrate a significant role in analyzing 
how much the internet experience may affect the purchase of goods. Two additional economic 
variables were introduced to the model to be held as constants when observing the impact that 
the online experience may have on consumption. These variables were: median net equivalised 
income and gross domestic product.  A statistical summary of all the variables addressed in this 
paper has been presented on the following page and has been labeled Table 2.   Upon this 
project's conception, the impact of social media usage inspired the most interest. Social media 
usage has boomed in recent years and so has the number of advertisements users see. The work 
of Scott Galloway of New York University was influential when choosing to observe social 
media usage. Galloway’s book, ​The Four: The Hidden DNA of Amazon, Apple, Facebook, and 





than two billion users. His work claims that Facebook has created a thriving online society that 
people enjoy, as they have chosen to spend almost an hour a day on Facebook (Galloway, 2018). 
Users trust the social media platforms they subscribe to, and with such a large population of 
people choosing to log into social media, advertisers shifted their focus. As of 2017, Instagram, a 
company owned by Facebook, had two million active monthly advertisers (Instagram for 
Business, 2018). The presence of marketers in a digital ecosystem with a growing population 
inspired the need to include a national presence on social media in the construction of my model. 
Social media usage was measured using data from Eurostat to construct three variables, 
each of which describes a different type of European user who is between the ages of sixteen and 
seventy-four. This was done to explore how digital literacy can affect a population’s rate of 
consumption. My first variable was the percentage of a nation's population that used social media 
in any form. This variable was labeled PrSocial and implies no limitation on social media usage. 
The second was the percentage of a population who chose to participate on social media in only 
one form and was labeled PrSocial.1. This variable was chosen to demonstrate unsophisticated 
proficiency on social media. This observation assumes that users who subscribe to only one form 
of social media will participate in social interaction online at a lesser rate. I infer from the 
literature that those who participate less online will struggle to utilize the consumption resources 
that are available on various social media platforms. The final social media variable was the 
percentage of a population that uses social media in at least two forms. This variable was 





when using social media. Those who subscribe to multiple social media platforms are assumed to 
exhibit greater comfort when participating online. PrSocial and PrSocial.2 are expected to 
produce a positive coefficient. This is expected because those who spend more time logged in are 
likely to encounter a greater number of advertisements. PrSocial.1 is expected to showcase a 
negative coefficient. These expectations consider the claims cited by Dabholkar which asserted 
that those who participate in the online experience at greater rates were less likely to run into 
issues when conducting themselves online (Dabholkar, 1994).  
The digital economy contains an abundance of free product information and it can be 
used to make more informed purchases. The rapid growth of Amazon, which is notorious for its 
transparency regarding product information, showcases how in demand information is amongst 
consumers. In an effort to analyze the online experience provided through applications like 
Wikibuy and sites like Amazon, Google Reviews, Yelp, and Expedia the percentage of a 
population in a given European country that uses customer reviews before making almost any 
purchase online, was included in the construction of the model. I included the percentage of the 
population that uses wiki-based learning devices in the model as well. This is because wikis 
provide platforms for people to discuss product pricing and quality. The qualities of a wiki are 
fairly similar to those of customer reviews. In order to study each element of the online 
experience individually, a variable called PrWiki was created, as well as CustomerRv. To be 
relevant in the digital economy retailers rely on mutual trust (Kourfaris & Hampton-Sosa, 2004). 
The usage of customer reviews removes the responsibility of demonstrating trust from the firm 
and places it in the hands of consumers. Consumers instead rely on the commentary of customers 





variable’s expected coefficient. Studies of customer reviews have found that a review’s impact 
appears to be dependent on the product in question and the quality of the review (Hawkin, 2007). 
In the European Union one out of four consumers who shop online claim to use customer 
reviews before making a purchase (Eurostat, 2018). The use of research methods provides 
consumers with additional information and can help consumers determine whether or not they 
wish to partake in a transaction. In order to observe the impact that customer reviews have on 
consumption, the variable was included in the creation of the model.  
According to the literature, the presence of Amazon has shifted where consumers choose 
to buy goods (Galloway, 2018). This shift lead to the inclusion of a dummy variable designed to 
express the impact of Amazon Prime on a given county. Amazon Prime is not available in all the 
countries that Amazon ships goods to, and those who don’t have access to Prime are not able to 
use the benefits that come with a subscription. The most noteworthy being Amazon’s famed free 
two-day shipping. The shipping is not actually free, it is included with the cost of a subscription, 
the price of which varies per country (Hankin, 2018).  This variable was included to analyze the 
impact that the presence of Amazon Prime can have when it provides a country access to its full 
range of services. These services include cheaper and faster shipping, access to streaming 
content, and order tracking. All of which are provided through Amazon’s website.  
In an effort to address the growing use of smart, mobile devices, two variables were used 
in the construction of the model (Statista, 2018). The first of the two is labeled MobilePhone. 
This variable was chosen to show how access to cellular data on mobile phones may affect the 





countries population that has used a mobile phone to connect to the internet through their cellular 
provider’s network. The second variable was called MobilePC. It was chosen to analyze those 
who utilize devices like laptops or tablets to access the internet while away from home. Due to 
the growing market for advertising on mobile devices, I elected to consider how their use may 
impact consumption (EMarketer, 2018). Such devices are an extension of the internet experience 
and this extension is what inspired their inclusion in the model. 
Empirical Results  
  
Our model’s original equation has been presented below:  
Ln(Consumption) = β​0 + ​β ​1​PrWiki + β ​2​PrSocial + β ​3​PrSocial.1 + β​4​PrSocial.2 - β​5​CustomerRv 
+ β​6​Income +β​7​Amazon + β​8​MobilePhone+ β​9​MobilePC + β​10​GDP + ​ε 
Ln(Consumption) = 12.425 + 0.017PrWiki + 0.020PrSocial – 0.125PrSocial.1 + 
0.006PrSocial.2 - 0.062CustomerRv + 0.715Income + 0.235Amazon - 0.005MobilePhone + 
0.005MobilePC + 1.251GDP + ​ε 
The regression analysis has been presented on the following page in Table 3. Our first 
model produced an adjusted r-squared of 0.752 signaling that 75.2% of the variation in the 
natural log of consumption can be explained by the variation of the model’s independent 
variables. The percentage of those who use Wiki-based learning sites, the percentage of those 
who use only one form of social media, the percentage of those who always check customer 





observed to be significant. However, access to Amazon Prime, the percentage of those who use 
social media in any form, those who use social media in two or more forms, those who use 
mobile phones to access the internet, and those who use non-phone smart devices to access the 
internet lacked significance to the model. Before reducing the model, the correlation matrix was 
observed to see if any of the independent variables were highly correlated with one another. This 
is known as serial correlation and can lead to an artificially inflated r-squared value. Upon 










MobilePC exhibited a fairly strong correlation to net equivalised income, with the two exhibiting 
a correlation of 0.78. However, net equivalised income was to be held as an economic control 
variable. It exhibited significance to the model as well, so I elected to keep it in the model and 
remove MobilePC. I also observed that PrSocial and PrSocial.1 were highly correlated. Upon 
viewing the regression outputs, I deduced that PrSocial.1 showed significance to the model, 
while PrSocial did not. This observation inspired the removal of PrSocial from the model in 
order reduce the possibility that our model contains ​multicollinearit​y​. The removal of these 
variables did not drastically affect our r-squared value. This allowed us to infer that they were 
insufficiently impacting the model and rationalized their removal.  
The reduction of the model produced the following equation which is referred to in Table 
3 as Model 2:  
Ln(Consumption) = β0 + β1PrWiki + β2PrSocial.1 + β3PrSocial.2 - β4CustomerRv 
+ β5Income + β6Amazon + β7MobilePhone + β8 GDP + ​ε 
Ln(Consumption) = 12.530 + 0.018PrWiki – 0.102PrSocial.1 + 0.007PrSocial.2 - 
0.057CustomerRv + 0.786Income + 0.159Amazon + 0.006MobilePhone + 1.291GDP + ​ε 
The second regression analysis produced an adjusted r-squared of 0.766. PrSocial.2 and 
MobilePhone remained insignificant. When determining how to reduce the model further it was 
observed that PrSocial.2 had a t-value of 0.914, while MobilePhone had much lower t-value of 
0.265. In order to determine which variable was lacking the necessary explanatory power to 





proximity to two. The absolute values were compared to two because a t-value of two represents 
two standard deviations from the mean. When a t-value is produced whose absolute value is 
greater than two one is able to reject the null hypothesis and conclude with 95% confidence that 
our variable’s presence in the model is not lacking significance. As a result, MobilePhone was 
removed in order to create the third model because its absolute t-value was further below two. 
The regression output showcased a decrease in our r-squared by 0.001. This allowed us to 
rationalize the construction of the third model, which has been produced below:  
Ln(Consumption) = β0 + β1PrWiki + β2PrSocial.1 + β3PrSocial.2-β4CustomerRv 
+ β5Income + β7GDP + ​ε 
Ln(Consumption) = 12.582 + 0.018PrWiki - 0.101PrSocial.1 + 0.007PrSocial.2 - 
0.057CustomerRv + 0.793Income + 1.355GDP + ​ε 
Regressing the third model showed an adjusted r-squared of 0.785. It was observed that 
PrScocial.2 produced a positive coefficient, while PrSocial.1 produced a significant and negative 
coefficient. This aligns with that literature regarding digital literacy. Those who were more 
accustomed to social media and have multiple ways to access the services appear to inspire an 
increase in the rate of consumption, while those who were less active, inspired the consumption 
rate to decline.  
Removing those who use social media in two or more forms produced the final model, 





    ​Ln(Consumption) = β0 + β1PrWiki + β2PrSocial.1 -  β3CustomerRv + β4Income + β5GDP 
+ ​ε 
Ln(Consumption) =12.965 + 0.018PrWiki – 0.106PrSocial.1 - 0.059CustomerRv + 0.802Income 
+ + 1.353GDP + ​ε 
The final regression, seen on Table 3 as Model 4, produced an adjusted r-squared of 0.786. All 
the variables present in the model exhibit significance. 78.6% of the variation in the log of 
consumption can be explained by the variations of the independent variables presented in the 
final equation.  
Due to the comparison of digital literacy occurring as expected, I concluded that the third 
model was of the greatest interest. I ran a Breusch-Pagan test and plotted the model’s residuals 
and fitted values. Running these tests made it clear I could proceed under the assumption that 
heteroscedasticity of residuals was not present, as there was no signal that the residuals exhibited 
unique variances. Upon observing a p-value for Breusch-Pagan test of 0.4311 I concluded I 
could not reject the test’s null hypothesis that homoscedasticity, or constant residual variance, 
was present. Plotting the residuals and fitted values supported the results provided through the 
Breusch-Pagan test, as the test’s fitted line plot remained flat. Our graphical and statistical 
outputs are provided in the appendix.  
The independent variables in our third model have inspired the following conclusions. A 
1% increase in a European country’s population that uses communal learning sites produced a 





customer reviews, net equivalised income, and GDP constant. The aligns with the literature that 
suggests consumers can develop trust for services through the usage of publically curated 
product information (Hamilton & Sherman, 1990). The information provided on wiki-based 
learning sites can vary and new wikis are being created for consumers all the time. Wikibuy is an 
example of how wikis are starting to impact how I shop. Wikibuy is an application that, when 
used with Google chrome provides, “a community of over 1 million users who share prices and 
coupons found in real-time while they shop. When the community knows a lower price is 
available at another store, you'll be notified, automatically, right in your browser “ (Chrome Web 
Store, Wikibuy). New tools like Wikibuy may explain why the coefficient is so close to zero, yet 
remains positive. An increase in information does appear to spur a higher rate of consumption 
however the realization of lower prices may reduce its impact. 
 At the 99% level of significance, a 1% increase in the percentage of the population that 
uses only one social media platform resulted in a 0.106% decrease in consumption while holding 
the model’s remaining variables constant. While a 1% increase in the percentage of the 
population that uses social media in at least two forms resulted in a 0.007% increase in the rate 
of consumption, holding the models remaining variables constant. Despite this variable not 
showcasing significance, I felt it produced the most interesting model. This model allowed us to 
compare the coefficients regarding those who use social media in only one form to those who use 
it in two or more. My comparison aligns with the literature review and bolsters the statements 
made by Dabholkar who makes claim that those who spend less time online are more likely to be 
deterred from consuming as a result of their online experience (Dabholkar, 1994). My 





digitally literate are likely to consume less as a result of the online experience has been supported 
by my findings.  
Holding the model’s remaining variables constant, a 1% increase in those who always use 
customer reviews before making a purchase online resulted in a 0.057% decrease in 
consumption. This finding was significant at the 99% level. I was unsure what to expect for this 
variable, but my coefficient has showcased a negative relationship between customer reviews 
and consumption. This seems to suggest that those who use customer reviews were deterred from 
increasing their purchasing. Additional research regarding the impact of customer reviews may 
provide the increased insight needed to better understand the impact of customer reviews on 
consumption.  
An increase in net equivalized income by 10,000 euros, holding the models remaining 
variables constant, resulted in an increase in consumption of 79.3%. This aligns with literature 
regarding increases in income. According to Tullio Jappelli and Luigi Pistaferri, of Stanford 
University, in the short term, increases in consumption should track increases in income (Tullio 
& Pistaferri, 2010). My expectations for this variable coincided with the results, which was 
expected. 
Observing gross domestic product lead us to observe that an increase in a nation's GDP 
by one million euros increased a countries consumption by 31.5%, holding the model’s 
remaining variables constant. Gross domestic product is a measure of how much a national 





2014). An increase in consumption was expected to be observed upon the inclusion of GDP in 
the model and my regression analysis is in line with my expectations.  
Discussion  
My research studied the impact that variables related to the development of trust have on 
consumption. For a consumer to make a purchase with confidence, he must rely on the trust that 
he has for his sources of information. Expected utility theory suggests that consumers assign 
value to economic actions they may take in order to consider risk. This is necessary when 
obtaining product information online because it is challenging to authenticate online information. 
I have theorized that, in order to trust online information, consumers should assign expected 
values to the information they receive and consider these values before making a purchase. My 
research observed variables that allowed users to provide commentary on products. I believe that 
these tools help develop trust. If a customer discovers that his sources for product reviews are 
often credible he would be inclined to assign a higher expected utility value to them. As a result, 
he would be more incentivized to trust such reviews when making future purchases. This may 
explain why firms that take advantage of customer reviews, like Amazon, have flourished in the 
digital age.  
The growing population of people using social media to review products may explain 
why my observations of digital literacy returned mixed results. The advent of social media has 
provided advertisers with a new ad space that can reach billions of potential buyers. In 2016 
there were 2.28 billion social media users and by 2021 the number of people on social media is 





are not distributed in the same way traditional print and television ads are. They are distributed 
based on algorithms that interpret a user’s participation on the platform (Wilshire, 2018). This 
means that the ads one sees are the result of his preferences and tastes, which are determined 
through his social media activity. Thus, those with greater levels of digital literacy are likely to 
receive ads that are better tailored to their preferences. However, the econometric analysis found 
in this paper does not observe the impact of algorithmic advertising. Additional research on new 
forms of advertising coupled with the findings of this paper may provide the details needed to 
better understand how consumers are impacted by the advertising present within the online 
experience.  
Conclusion 
The internet has become a powerful resource and the data that is available regarding 
products has never been so vast. In an instant one can determine how much a product costs, what 
materials were used to make it, how certain products are expected to fit, what colors are 
available, see products of a similar nature, in both design and pricing, and get products shipped 
to one’s door within a couple of days, or in some cases a couple of hours (Ecommerce News 
Europe, 2018). This research showcased that the usage of communal learning sites, the 
population who uses social media on only one platform, the use of customer reviews, net 
equivalised income, and GDP all exhibited significance when looking to observe what factors 
influence consumption. These variables require continued study in order to fully understand the 
impact they will have going forward. Continued development of this research is necessary, as the 
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